Land surface water cover (LSWC) PALSAR is obtained in this study by setting an inundated threshold using the interval estimation and Otsu's methods. By comparing the HH value (dB) obtained using these two methods along with image interpretation, the HH value with (μ + 3σ) is considered the most reasonable inundation threshold. After masking with μ + 3σ, LSWC of PALSAR was mapped and an exponential function with index NDFI (normalized difference frequent index) and NDPI (normalized difference polarization index) of AMSR-E corresponding to PALSAR LSWC was derived by applying the least squares method. It was found that the exponential regression curve could precisely represent the scatter points and the determination coefficient reached more than 0.8. Both NDFI and NDPI have a good fitting result with PALSAR LSWC. Spatial correspondence is finally discussed between AMER-E NDFI/NDPI LSWC and PALSAR LSWC. A high correspondence is shown between each map. It was also found that PALSAR slightly underestimated the inundated area because of the different PALSAR and AMSR-E mechanisms. Using more precise AMSR-E calibration by PALSAR, the availability and potential of AMSR-E LSWC for large scale flooding detection is indicated.
InTRoDuCTIon
Global warming combined with excessive human activities has made flooding a severe and frequent disaster in recent years, arousing high attentions worldwide. Such flooding events have demonstrated the necessity to master real-time information and identify the development trends in large scale flooding worldwide.
Since flood events are dynamic processes, higher temporal microwave radiometer resolutions are necessary (Singh et al. 2013) . AMSR-E, based on microwave observations can penetrate through clouds and provide long time daily global cover data series (Temimi et al. 2007 ). Large-scale flood patterns can be quickly revealed (Zheng et al. 2008) . A multitemporal analysis of AMSR-E data for flood and discharge monitoring during the 2008 flood in Iowa was conducted by Temimi et al. (2011) , demonstrating the importance passive microwave can play in monitoring flooding and wetness conditions and estimating key hydrological parameters. Chakraborty et al. (2011) used passive microwave signatures to detect and monitor flooding events in the Sundarban Delta. Watts et al. (2012) conducted a study of surface water inundation changes within the Arctic-Boreal Region and concluded that the AMSR-E fractional open water record corresponds strongly with regional wet/dry cycles inferred from basin discharge records. Takeuchi and Gonzalez (2009) predicted daily land surface water coverage by blending MODIS (Moderate Resolution Imaging Spectroradiometer) and AM-SR-E and found that the algorithm accurately predicted daily LSWC (land surface water coverage) of AMSR-E. Moreover, studies on LSWC estimation with AMSR-E combined with MODIS have already been carried out (Takeuchi et al. 2006; Mori et al. 2009 ), but MODIS can be affected by clouds and cannot detect large scale flooding (Evans et al. 2010) because it conducts optical remote sensing. However, PALSAR, an active microwave sensor, provides high spatial resolution and is suitable to correspond to large scale flooding without cloud interruption (Alexakis et al. 2012; Arnesen et al. 2013) . To overcome the weakness of MODIS, which was commonly used, we utilized PALSAR to conduct more precise calibration to compensate AMSR-E for flooding detection.
The objective of this paper is to map the land surface water coverage of PALSAR. Moreover, finding the relationship between AMSR-E and PALSAR as a calibration function of index NDFI (normalized difference frequent index), NDPI (normalized difference polarization index) with physical quantity-LSWC derived from PALSAR.
MATERIALS AnD METhoDS

Data used in This Study
AMSR-E data, with spatial resolution of 10 km and temporal resolution of 0.5 day were used to map NDFI/NDPI LSWC for flooding detection. Twelve flood events that occurred around the world (Fig. 1) were selected as research objects from the International charter. Base map is a global land surface water coverage distribution map resource derived from AMSR-E. Table 1 shows the basic information. PALSAR ScanSAR mode data, with a spatial resolution of 100 m, were used to map LSWC and conduct calibration to AMSR-E. A detailed description of 4 PALSAR ScanSAR scenes used in this study is shown in Table 2 .
Selecting Inundated Threshold by Interval Estimation
After pre-processing for the PALSAR ScanSAR image, we calculated the backscattering digital number coefficient as Eq. (1) 
where DN: digital number of the amplitude image, CF: calibration factor. After extracting 10 water area regions of interest (ROI), we calculated the mean μ (average) for backscattering (dB) and σ (standard deviation) of each ROI. μ + σ, μ + 2σ, μ + 3σ, μ + 4σ were then calculated to mask the water areas, respectively. The optimal range was then selected combined with image interpretation.
otsu's Method
Otsu's method can automatically perform clusteringbased image thresholding, which is based on minimizing the weighted sum of within-class variances of the foreground and background pixels to establish an optimum threshold (Sezgin and Sankur 2004) . Recall that minimization of within class variances is equal to the maximization of between-class scatter (Liao et al. 2001) .
where weights ĩ : the probabilities of the two classes separated by a threshold; t: threshold; i 2 v : variances of these classes.
The backscattering coefficient histogram of each PAL-SAR ScanSAR scene was built first. Each histogram was treated as an input and put into MATLAB to calculate the inundated threshold.
LSWC Distribution Mapping of AMSR-E
After carrying out a series of pre-processing steps including radiance calibration, geometric correction, and spatial mosaic, AMSR-E daily mosaics are used to compute the NDFI and NDPI. When atmospheric transmission is near 1 we can obtain NDFI, NDPI as follows (Mori et al. 2009; Takeuchi and Gonzalez 2009 
where TB 18.7V and TB 23.8V are the vertical (V) polarization brightness temperatures at 18.7 and 23.8 GHz.
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where TB V is the vertical polarization brightness temperature at 36.5 GHz. TB h is the horizontal polarization brightness temperature at 36.5 GHz.
Calibrating AMSR-E with PALSAR by Regression Analysis
After masking out the PALSAR image inundated area and aggregating the image into the same AMSR-E spatial resolution, which is 10 km, we built the ROI and conducted spatial registration for PALSAR and AMSR-E. A calibration index function NDFI, NDPI corresponding to PALSAR LSWC was derived by applying the least squares method in MATLAB to express the relationship between AMSR-E and PALSAR. It is shown as an exponential Eq. (5).
where F(x): PALSAR LSWC; X: NDFI, NDPI.
RESuLT AnD DISCuSSIonS
Selecting Inundated Threshold
Interval estimation was conducted to derive the threshold based on statistical theory. Combined with image interpretation we can clearly see that with the increase in multiples, the masked out water area increased. This indicated that the water area was significantly underestimated by masking with μ + σ, μ + 2σ, whereas the water area was overestimated by masking with μ + 4σ.
A mountain area was chosen next and zoomed in as shown in Fig. 4a to discuss. Figure 4b is the water map masking with μ + 4σ. In comparison with the Google Earth image we can see that some valleys were also masked out as water areas. It can be proven that on masking with μ + 4σ range, the inundated area was overestimated. We utilized Otsu's method to obtain the inundated threshold based on a backscatter coefficient histogram. Figure 5 shows a backscatter histogram coefficient derived from PALSAR HH scenes in Australia and Vietnam. Table 3 shows a comparison of the inundation threshold derived using the two methods. By comparing dB we found that the results obtained using interval estimation with μ + 3σ and Otsu's method were statistically identical. The difference in value is smaller than 0.5 dB in Australia, Vietnam, and Mexico. However, when the target and the background vary greatly in size proportion disparity Otsu's method does not work so well sometimes (Zhang et al. 2011) . We therefore defined the HH value with μ + 3σ as the inundation threshold in this research.
On comparison with different scenes some variations in . 1 5 0 v (dB) have been found. We considered that the research area is located in a different land use land cover type. Since the PALSAR mechanism is backscattering the surface roughness and vegetation affect its performance. This leads to some variation in μ in different cases. In addition, the incidence angle is a backscattering influence factor for the PALSAR ScanSAR image. Based on our previous research we found that within small range of incidence angles the incidence angle effect is within the acceptable . 1 5 0 v (dB) variation for PALSAR. In view of whole scene, from N to F range, a constant variation could be seen (Li and Takeuchi 2015) . We considered selecting the optimal threshold with a combination of omission and commission based on our objective.
Relationship Between nDFI/nDPI and PALSAR LSWC
According to the above result we use the confidence interval (μ -3σ, μ + 3σ) to mask out the PALSAR image inundation area. Figure 6 shows a scatter plot of two cases in Mexico and Colombia, which represent the relationship between AMSR-E NDFI/NDPI and PALSAR LSWC. From Fig. 6 and Table 4 the exponential regression curve could precisely represent the scatter points and the determination coefficient reached more than 0.8. Both NDFI and NDPI have a good fitting result with PALSAR LSWC. Compared with NDFI and NDPI the same PALSAR LSWC corresponds to a bigger value of AMSR-E NDPI. For the reason that NDPI was calculated using brightness temperature with higher frequency-36.5 GHz, which can lead to a stronger penetration, NDPI was more likely to be affected by the surface roughness. Based on the research by Mori et al. (2009) they estimated LSWC with AMSR-E and MODIS, and found the relationship between AMSR-E NDPI and MODIS LSWC (Mori et al. 2009 ). According to the logistical function they developed, we added a regression curve as the red line shows in Fig. 6 for comparison. Based on this result we can see that in this research the curve between AMSR-E and PALSAR can better represent scatter than the curve between AMSR-E and MODIS.
Spatial Correspondence Between AMER-E nDFI/ nDPI LSWC Distribution Map and PALSAR LSWC Distribution Map
Spatial correspondence between AMSR-E NDFI/NDPI and PALSAR LSWC was discussed by comparing the LSWC distribution map of each. In a previous study an NDFI, NDPI database in time series from 2002 -2011 derived from AM-SR-E was built with an NDFI/NDPI LSWC distribution map (Li and Takeuchi 2014a, b) . Figures 7c and 8c show the PAL-SAR LSWC distribution maps, conducted using layer stacking with AMSR-E images to obtain the same area resized into the same spatial resolution with AMSR-E. The brighter area indicates a high abundance of water coverage at that pixel. A good agreement between AMSR-E NDFI, NDPI and PAL-SAR LSWC can be seen. The LSWC distribution images visually match each other. At the same time, in the Mexico case, some spatial variation can be found between the PALSAR LSWC and AMSR-E NDFI, NDPI LSWC distribution maps. Combined with the Google Earth map we found that the land use and land cover of the research area is complicated. As we know, the PALSAR mechanism is backscattering, whereas the AMSR-E mechanism is brightness temperature. Although they both belong to microwave remote sensing regimes, their mechanisms are totally different. Therefore, PALSAR will slightly underestimate the inundated area due the influence of surface roughness and vegetation. The emitted AM-SR-E microwave signal is sensitive to both the water and soil moisture. It is difficult to distinguish clearly between wetness and flooding using the relatively low spatial resolution. The inundated area will be slightly overestimated.
ConCLuSIonS AnD FuTuRE WoRk
We succeeded in selecting the inundation threshold based on interval estimation and Otsu's method. Moreover, a LSWC distribution map for PALSAR was mapped. A calibration function was established to show a good relationship between NDFI, NDPI of AMSR-E and LSWC derived from PALSAR. It indicated the availability and potential of AMSR-E LSWC to detect large scale flooding worldwide.
This study focused only on open water areas. In future work we will advance to investigate the above vegetation effects on microwaves. Moreover, AMSR2 and PALSAR2 will be used to link up with the current research. 
